Detection of salient image regions is useful for applications like image segmentation, adaptive compression, and region-based image retrieval. We contend that this problem can be tackled by mapping the pixels into various feature spaces, whereupon the are subjected to various grouping algorithms In this paper we present a novel method to determine salient regions in images using low-level features of luminance and color. The method is fast, easy to implement and generates high quality saliency maps of the same size and resolution as the input image.
INTRODUCTION
Image segmentation is a fundamental task in computer vision, and is considered to a preprocessing step for salient region exploration. Identifying visually salient regions is useful in applications such as object based image retrieval, adaptive content delivery, adaptive region-ofinterest based image compression, and smart image resizing. We identify salient regions as those regions of an image that are visually more conspicuous by virtue of their contrast with respect to surrounding regions [2] Similar definitions of saliency exist in literature where saliency in images is referred to as local contrast. Our method for finding salient regions uses a contrast determination filter that operates at various scales to generate saliency maps containing saliency values" per pixel. Combined, these individual maps result in our final saliency map. We demonstrate the use of the final saliency map in segmenting whole objects with the aid of a relatively simple segmentation technique. The novelty of our approach lies in finding high quality saliency maps of the same size and resolution as the input image and their use in segmenting whole objects. The method is effective on a wide range of images including those of paintings, video frames, and images containing noise.
APPROACHES FOR SALIENCY DETECTION
The approaches for determining low-level saliency can be based on biological models or purely computational ones. Some approaches consider saliency over several scales while others operate on a single scale. In general, all methods use some means of determining local contrast of image regions with their surroundings using one or more of the features of color, intensity, and orientation. Usually, separate feature maps are created for each of the features used and then combined to obtain the final saliency map. It has been observed that in some cases, using only one feature yields salient regions that are similar to, if not better [5] . This phenomenon indicates that more number of features will not necessarily enhance saliency detection. However it is impossible to discuss every possible technique I am giving here the brief reference of ideas that are related to my work
Segmentation Based On NonParametric Density Estimation
Clustering based on non-parametric density estimation [9] starts from the construction of data density obtained by convolving the data set by a density kernel. More precisely given an n dimensional data set, a density f (x) is obtained by convolving the dataset with a unimodal density kernel [8] .
Where σ is the size parameter for the kernel measuring its speed? Although almost any unimodal density will do, one typically takes to be (rotation in variant) Gaussian density with specifying its variance [9] . After convolution we identify candidate-clusters by using gradients ascent (hill climbing) to pin point local maxima of density f. specifically the k nearest neighbors of every point are determined, whereupon each point is linked to the point of highest density among these neighbors. Upon iteration this procedure ends up assigning each point to a nearly density maximum, thus carving up the data set in compact and dense clumps. However it is obvious that unless the clustering parameters are preset within a fairly narrow range this procedure will result in either too many or too few clusters. Although a huge bulk of the work on density estimation concerns itself with this problem of choosing an optimal value of K, it is fair to say that it remains extremely tricky to try and estimate optimal clustering parameter it has been observed [5] more number of features will not necessarily enhance saliency detection. Hence, there is a need for evolving strategies to decide features that are useful and to dynamically combine them.
Segmentation Using Weighted Feature Maps
Another approach as suggested by is using composite saliency indicator, [5] which measures the combination of each feature to the saliency map. The CSI takes into account the feasibility of using certain feature maps and determines the weights to be associated with each feature maps that is selected to yield saliency map. The only requirement is to locate salient regions more accurately and compactly for subsequent region extraction. The composite saliency indicator consists of two feature spaces spatial compactness and saliency density.
Hill-Climbing Algorithm
To achieve satisfactory segmentation results, the segmentation method should be nonparametric and should take the local and global feature distribution into consideration .the hill-climbing based segmentation [6] , is a simple and fast nonparametric algorithm that detects the peaks of clusters in the global three dimensional color histogram of an image. We utilize the histogram bins rather than the pixels themselves to find the peaks of clusters; thus, our algorithm can find the peaks efficiently. Then, the algorithm associates the pixels of a detected cluster based on the local structure of the cluster. 3) until reaching a bin from where there is no possible uphill movement. That is the case when the neighboring bins have smaller numbers of pixels than the current bin. Hence, the current bin is identified as a peak (local maximum).
Select another unclimbed bin as a starting bin and perform step 2 to find another peak. This step is continued until all non-zero bins of the color histogram are climbed (associated with a peak). The identified peaks represent the initial number of clusters of the input image; thus these peaks are saved. 2.5 Finally, neighboring pixels that lead to the same peak are grouped together, that is associating every pixel with one of the identified peaks. Thus, forming the clusters of the input image.
Although, we used a global color histogram to find the peaks, step 5 takes into account the spatial information of the pixels when forming the segments, i.e. only spatially close (neighboring) pixels that lead to the same peak are grouped into one segment.
SALIENT REGION DETECTION AND SEGMENTATION
This section presents details of our approach for saliency determination and its use in segmenting whole objects. An overview of the complete algorithm is presented in Figure 1 . Using the saliency calculation method described later, saliency maps are created at different scales. These maps are added pixel-wise to get the final saliency maps. The input image is then oversegmented and the segments whose average saliency exceeds a certain threshold are chosen. (d) The output image containing the salient object that is made of only those segments that has an average saliency value greater than the threshold T.
Saliency Calculation
In our work, saliency is determined as the local contrast of an image region with respect to its neighborhood at various scales. This is evaluated as the distance between the average feature vectors of the pixels of an image sub-region with the average feature vector of the pixels of its neighborhood. This allows obtaining a combined feature map at a given scale by using feature vectors for each pixel, instead of combining separate saliency maps for scalar values of each feature. At a given scale, the contrast based saliency value C i; j for a pixel at position (i, j) in the image is determined as the distance D between the average vectors of pixel Features of the inner region R1 and that of the outer region R2 (Figure 2 ) as:
Where N1 and N2 are the number of pixels in R1 and R2 respectively, and v is the vector of feature elements corresponding to a pixel. 
T are the average vectors for regions R1 and R2, respectively. Since only average feature vector values of R1 and R2 need to be found, we use the integral image approach as used in for computational efficiency. A change in scale is affected by scaling the region R2 instead of scaling the image. Scaling the filter instead of the image allows the generation of saliency maps of the same size and resolution as the input image. Region R1 is usually chosen to be one pixel. If the image is noisy (for instance if high ISO values are used when capturing images, as can often be determined with the help of Exit data (Exchangeable File Information Format [1]) then R1 can be a small region of   pixels.
Whole Object Segmentation using Saliency Maps
The image is over-segmented using a simple Kmeans algorithm. The K seeds for the K-means segmentation are automatically determined using the hill-climbing algorithm in the threedimensional CIELab histogram of the image. The 

Where │r k │ is the size of the segmented region in pixels. A simple threshold based method can be used wherein the segments having average saliency value greater than a certain threshold T are retained while the rest are discarded. This results in an output containing only those segments that constitute the salient object.
RESULTS AND EVALUATION
To evaluate our segmentation method, we performed subjective experiments to test whether the segmentation results match human expectations of identifying the coherent color regions in images.
The experiments are performed on five categories of images: Animals, Buildings, Nature, People, and Graphics. Each of these categories contains 20 images that are selected randomly from our image database. These randomly selected images contain images of varying illuminations. We asked five human subjects (HS1, HS2, …, HS5) to evaluate the results of our color-based segmentation method.
Each of the human subjects was presented with the segmented images along with the original images. They were asked to first look at an original image and determine the coherent color regions in it and then look at the segmented image and check whether the segmentation result matches his/her expectation. They were asked to score the precision of segmentation as compared to his/her expectation on a scale ranging from 1 to 5 as follows: 1=very poor, 2=poor, 3=satisfactory, 4=good, 5=very good. Table 1 shows the results of evaluation by each His where each of those numbers (except for the "Average" column) reflects the average score of the 20 images in the corresponding category. The right most columns show the average score of each category over all scores given by the five human subjects. Below we present examples from each category and discuss its segmentation results. These examples will contain images that received high average score as well as images that received low average scores. We show he average score of each image in these examples, where the average scores is computed over the scores it received from all five human subjects.
CONCLUSIONS
We presented a novel method of finding salient regions in images, using low level features of color and luminance, which is easy to implement, noise tolerant, and fast enough to be useful for real time applications. It generates saliency maps at the same resolution as the input image. We demonstrated the effectiveness of the method in detecting and segmenting salient regions in a wide range of images. The approach is at least five times as fast as a prominent approach to finding saliency maps and generates high-resolution saliency maps that allow better salient object segmentation.
